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ABSTRACT: Cellular membranes are fundamental constituents of living organisms.
Apart from deﬁning the boundaries of the cells, they are involved in a wide range of
biological functions, associated with both their structural and the dynamical properties.
Biomembranes can undergo large-scale transformations when subject to speciﬁc
environmental changes, including gel−liquid phase transitions, change of aggregation
structure, formation of microtubules, or rupture into vesicles. All of these processes are
dependent on a delicate interplay between intermolecular forces, molecular crowding,
and entropy, and their understanding requires approaches that are able to capture and
rationalize the details of all of the involved interactions. Molecular dynamics-based
computational models at atom-level resolution are, in principle, the best way to perform
such investigations. Unfortunately, the relevant spatial and time dimensionalities involved
in membrane remodeling phenomena would require computational costs that are today
unaﬀordable on a routinely basis. Such hurdles can be removed by coarse-graining the
representations of the individual molecular components of the systems. This procedure anyway reduces the possibility of
describing the chemical variations in the lipid mixtures composing biological membranes. New hybrid particle ﬁeld multiscale
approaches oﬀer today a promising alternative to the more traditional particle-based simulations methods. By combining
chemically distinguishable molecular representations with mesoscale-based computationally aﬀordable potentials, they appear as
one of the most promising ways to keep an accurate description of the chemical complexity of biological membranes and, at the
same time, cover the required scales to describe remodeling events.
The present limits of applicability of computer modeling are
being continuously expanded by both the steady increase of
computational power and, in parallel, the continuous develop-
ment of new modeling approaches and software. Thanks to such
advances, today the molecular modeling community is taking
up the challenge of unraveling the molecular details at the base
of complex phenomena in the condensed phase occurring at
intrinsically large time and length scales.
The dynamical behavior of water−lipid mixtures is a proto-
typical case of such phenomena. The structure and organization
of lipids in water solutions is in fact dependent on several factors,
including the chemical composition of the species or their rela-
tive concentration, as well as external thermodynamic conditions
like temperature or pressure. The properties of such mixtures are
strictly collective, meaning that they appear only in the presence
of a large number of crowding and self-assembling molecules.
Therefore, their properties cannot be deduced from the deter-
mination of any physical−chemical feature of the individual
components nor can their study be reducible to sizes smaller than
some characteristic values.1
Biological membranes are a special case of lipid mixtures
occurring in living organisms. Their modeling is particularly
diﬃcult because of their complex chemical composition,2 further
complicated by the presence or both membrane-integral and
membrane-peripheral proteins3 and by the fact that bioactivity is
often associated with dynamical structural deformations, like the
appearance of rafts, patches, undulations, tubules, and so forth.4,5
The description of such features would require the implementation
of intrinsically large models (characteristic lengths on the order
∼10−103 nm) simulated for very long times (∼10−6−10−3 s).6,7
Today, we are on the verge of moving from an early pioneering
phase, where biomembranes are usually represented by ﬂat
periodic bilayers with model lipid compositions, into more mature
times where both the biomembrane structure and dynamics can be
represented close to their realistic complexity. This progress is the
consequence of developments in multiscale modeling methods
that allow exploitation of the advantages of representations at low
resolution (like the use of smooth potentials and the need for a
reduced number of variables) in combination with those at higher
resolution (like chemical accuracy).8−10
In this Perspective, after brieﬂy recalling the main structural
and dynamical features of biomembranes, we provide a brief
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overview of what is feasible today in multiscale modeling
of such systems. We ﬁnally highlight some advances in hybrid
particle/mesoscale modeling and some of its most recent
applications to membrane dynamics. A series of studies on
multiphase systems formed by few components are today
present in the literature, demonstrating the reliability of
this modeling approach to soft-matter problems. Working
at chemical molecular resolution, this relatively new method-
ology is paving a very promising way toward accurate simu-
lations of realistic models of biomembranes at relatively cheap
computational costs.
Polymorphism in Biological Membranes. Biological membranes
delimit cellular and intracellular compartments where biomole-
cules are spatially harbored, and where timely coordination of
thousands of complex biochemical reactions take place. Bio-
logical membranes are not static but dynamic surfaces under-
going structural changes in response to intrinsic or extrinsic
forces.11−13 In eukaryotes, membrane proteins and lipids are
internalized, externalized, or transported within cells via their
insertion in the membrane as small vesicle or thin tubules, or
by uptake by lipid transport proteins rather than by bulk diﬀusion
of single molecules. The disordered liquid-crystalline state
characteristic of biological membranes allows lipid diﬀusion
andmix in the bilayer leaﬂet plane through mostly non-Brownian
(anomalous) diﬀusion.14 Because biological membranes are con-
tinuously revolved by traﬃcking intermediates such as vesicles
and tubules, the origination and stabilization of high-curvature
compartments become crucial for life.
The generation of membrane curvature is a precondition
for membrane shaping in living organisms.11,15 It has been
extensively investigated in eukaryotes, though much less is
known for prokaryotes.16,17 Membrane curvature establishes
cellular and subcellular architecture in living organisms while
regulating signal and molecular traﬃc across biological mem-
branes. It allows for the remarkable array of shapes in cellular
organelles (e.g., the tubular endoplasmic reticulum, the saccular-
fenestrated Golgi complex), expanding their membrane surface
area for reactions through the shaping of folds and tubules. It also
modulates membrane traﬃcking through bending, invagination,
protrusion, fusion, ﬁssion, and vesicle budding. A recent experi-
ment combining stretch stress and ﬂuorescent imaging has
recently demonstrated that readaptation of membranes after a
mechanical deformation occurs via purely passive physical
principles.18 Rapid progress has been made in expanding
membrane curvature research beyond membrane traﬃcking to
organelle architecture. The new view of membrane curvature as
an active means to control the spatial organization and activity of
cells has replaced the old view of it as representing merely a
passive geometric feature of biological membranes.19,20
Understanding Membrane Deformation by Computer Modeling.
Cellular membranes are characterized by a large diversity of
lipids.2 Such a complexity stems from the numerous possible
combinations that can be obtained as a consequence of the
variations in both their hydrophobic tails (e.g., saturated vs
unsaturated vs polyunsaturated fatty acids) and their polar
moieties (e.g., phoshocholine, phosphoethanolamine, phosphoi-
nositides, ...). Hence, a detailed chemical understanding of how
lipid composition may play an important role in driving cellular
processes is paramount to correctly identify the contribution of
lipid membrane properties in biological phenomena.
Investigating the molecular properties of membranes with
subnanometer resolution, however, has remained extremely
challenging due to inherent limitations of the available experi-
mental methodologies, like the limited system sizes accessible
by NMR, the intrinsic single-conﬁguration data coming from
X-ray scattering, or the relatively low resolution from electron
microscopy.21,22 To overcome these limitations, particle-based
computational approaches, namely, molecular dynamics (MD)
simulations, have emerged in the last 2 decades as an irreplace-
able tool to gain a detailed structural understanding of lipid
membranes.
All-Atom (AA) Models. Atomistic MD simulations represent
chemical systems using classical Newtonian dynamics laws.
The potential energy of the systems is written as a sum of eﬀec-
tive interactions among the atoms that compose the molecular
system of interest. These potential energy terms mimic the
eﬀect of the quantum-mechanical interactions among nuclei and
electrons gluing the atoms into higher-order (inter)molecular
structures. The most typical form of such a potential for bio-
molecules takes the following form:
∑ ∑
∑ ∑
∑
θ θ
ϕ
π
= − + −
+ + +
ϵ
+ −
<
<
⎛
⎝⎜
⎞
⎠⎟
V k r r k
k n
q q
r
A
r
B
r
1
2
( )
1
2
( )
(cos 1)
1
4i j
i j
ij
i j
bonds
b 0
2
bends
a 0
2
torsions
t
0
12 6
(1)
Here, the ﬁrst three terms take into account the interactions
among bonded atoms (usually called bonded interactions),
which are responsible for the appearance of a deﬁned molecular
structure and for its local rigidity. The last two terms account for
long-range interactions (usually called nonbonded interactions),
which are represented as a combination of Coulomb and van der
Waals terms. This mechanical model requires the deﬁnition
of a large set of parameters like the force constants and the
equilibrium values in the bonded interactions, the electrostatic
charges assigned to each atom, and the Lennard-Jones coeﬃ-
cients for each atom-type couple. In the literature, there exist
diﬀerent sets of parameters, which are obtained from a com-
bination of diﬀerent experimental measures and/or computa-
tional models, whose reliability may be dependent on not only
the implementation per se but also the interface with pre-existing
models for water or ions.23−30 For a critical assessment of the
force ﬁelds available today for lipid simulations, see, for example,
refs 22, 31, and 32.
The computational costs of atomistic MD simulations are
dependent on two major aspects. The ﬁrst is the high frequency
of the vibrational modes, which impose the use of relatively
short time steps for numerical integration of the equations of
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motion (∼fs). The second is the slow decay of the nonbonded
terms, which in principle requires growth of operations
proportional to N2, increasing the size of the systems under
study (N being the total number of atoms). Even though
diﬀerent algorithms to avoid such strict bottlenecks are available
today, the combination of these problems severely limits any
routine access to the dimensions and characteristic times relevant
to investigate membrane curvature problems.
In fact, although recent pioneering studies have allowed
the investigation of complex and biologically relevant model
membranes,33 using atomistic models, MD simulations of mem-
branes at such a level of resolution are usually limited to small
model systems, typically ﬂat bilayers consisting of few hundreds
of the same lipid type.
Since the ﬁrst pioneering attempts to investigate the mech-
anism of membrane curvature formation by BAR domains,34,35
attempts to investigate membrane curvature using atomistic MD
simulations have become more and more common.36−41
All of these studies, however, are hampered by inevitable
limitations for what pertains to the sizes that can be investigated
using atomistic simulations. Speciﬁcally, any deformation of the
lipid bilayer will occupy a characteristic volume that needs to be
fully included into the simulation box. For example, for a
relatively simple membrane undulation, both the length of
the simulation box normal to the lipid bilayer plane and the
membrane axis along which the undulation occurs need to be on
the order of at least 20 nm. In these conditions, with the possible
exception of dedicated hardware, it is very diﬃcult to go beyond
tens of nanoseconds per day, even when using state-of-the-art
hardware and software.
At the same time, such sizes are relatively small as compared
to those required to investigate membrane remodeling and
vesiculation. In fact, the smallest biological vesicles show
diameters of approximately 40−50 nm,42 implying that
simulations boxes for biologically relevant systems may easily
reach lengths on the order of 100 nm or more.
In addition, the use of periodic boundary conditions imposes
an additional topological restraint on extended bilayers, forcing
the presence of both positive and negative curvatures within the
length of the simulation box. This signiﬁcantly reduces the size of
membrane patches with speciﬁc curvature that can be simulated
and analyzed.
Coarse-Grained Models. Coarse-grained (CG) modeling is a
very general term that includes all models based on a procedure
of mapping a complex system dependent on a number N
(typically very large) of variables into a simpliﬁed one formed by
a smaller number of variablesM < N (Figure 1). In a consequent
renormalization procedure, the total energy of the system is
deﬁned through a Hamiltonian
′ ≠H M H N( ) ( ) (2)
While H′ is necessarily diﬀerent from that of the original
system, if properly mapped, then the statistical behavior of
the complete and reduced systems will match each other. This
implies that both representations will yield similar expectation
values for the observables of interest
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where O is a generic physical observable, its expectation value
⟨O⟩ is deﬁned through the corresponding ensemble average, and
ZNand ZM are the partition functions
∫= Γβ−Z T( ) e dN H N N( )
∫= Γβ− ′Z T( ) e dM H M M( ) (4)
The mapping system will proﬁt from reduced computational
costs due to the reduction of the number of degrees of freedom.
On the other hand, the consequent contraction of the phase
space will produce an intrinsic acceleration of the events. This, on
the one hand, guarantees an even further acceleration in the
sampling; on the other hand, events in CG-MD simulations will
occur on a time scale that cannot be straightforwardly connected
to the real one.
In CG modeling, the mapping procedure is not universally
deﬁned; in fact, the samemolecular systemmay be represented at
diﬀerent levels of resolution, typically using centroids called
beads to represent groups of atoms, and by using diﬀerent
analytical forms for the respective potential energy.10 For lipids,
the most common CG models today adopt quasi-atomistic
resolutions and use two-body interaction potentials to represent
the hydrophobic/hydrophilic behavior of the lipid polar heads
and apolar tails (Figure 1).43−47
The investigation of membrane remodeling processes by
means of CG-MD simulations was pioneered by studies that
either used very coarse representations48 or addressed relatively
small systems with extreme curvature values.49 More recently,
CG-MD simulations with chemical-level detail have been used to
investigate systematically the role of membrane curvature on
membrane molecular properties,50 for example, determining
how gel-phase lipid membranes soften upon bending, thus
helping the localization of the curvature.51 Simulations of curved
structures (vesicles, tubules) with dimensions comparable with
those found in the cell have become computationally tractable
using coarser models52 or chemically accurate CG models, thus
allowing one to investigate the interplay between more realistic
and biologically relevant lipid composition and membrane
geometry.53,54
In parallel to investigating how membrane curvature
modulates membrane structural properties, MD simulations
have been also used to explicitly investigate membrane
remodeling events, namely, bending, fusion, and ﬁssion, while
retaining chemical speciﬁcity (Figure 2). These processes
have been reviewed elsewhere.6,56 Here we stress how notable
eﬀorts have been focusing on understanding the explicit role of
Figure 1. Molecular models of lipids. Usual representations of
phospholipids used in molecule-based computer simulations, from an
all-atom-detailed picture (left) to coarser representations still capturing
chemical details to low-resolution coarse models containing a minimal
number of bodies (right). The hydrophobic regions are colored in
yellow, the hydrophilic head is colored in dark gray.
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membrane curvature and lipid composition in both membrane
fusion57,58 and ﬁssion.55 These studies have further underlined
the importance of retaining chemical accuracy when studying
curvature-dependent phenomena in membrane processes.
For example, membrane fusion depends on the ratio between
phosphatidyl-choline and phosphatidyl-ethanolamine,57 while
membrane ﬁssion propensity is strongly aﬀected by membrane
elasticity.55
Hybrid Particle-Continuum Approaches. However simpliﬁed,
CG approaches based on particle reduction are still subject to the
same computational bottlenecks of AA models, like the need
to evaluate distance-dependent intermolecular interactions,
or a relatively intense communication among nodes in parallel
architectures. As a consequence, unless massively parallel archi-
tectures are available, common CG simulations are still limited to
systems with sizes not larger than 100 nm in cell length and with
relatively short sampling.
Continuum representations are not bound to the limits of
particle-based models and thus can be used at the scales of
relevance for biomembrane reshaping phenomena. Among
several proposed approaches, self-consistent ﬁeld (SCF) theory
has been extensively developed and applied to soft matter
modeling. SCF theory describes the model systems by using
density ﬁelds; the mutual interactions between molecular
segments is modeled by an eﬀective potential involving these
segments and static external ﬁelds.59 Several applications to block
copolymers,60,61 colloidal particles,62 and simpliﬁed models of
proteins63 have already shown that the SCF theory is a useful and
powerful approach.
The main drawback of these models is the limitation to very
simple molecular architectures, typically linear Gaussian chains.
This problem can be circumvented by including hybrid approaches
based on a discrete representation of the components coupled to
a continuous ﬁeld representation determining the interactions.
Early examples of such an approach were proposed by Kawakatsu
and Kawasaki for dynamical models of discrete surfactant
molecules embedded in a continuous ﬁeld representing an
immiscible binary mixture.64−66 Similarly, Laradji et al. presented
Monte Carlo simulations of polymer brushes where density ﬁelds
were calculated on the ﬂy from discrete particle positions.67
About 10 years ago, Daoulas and Müller introduced a Monte
Carlo single chain in mean ﬁeld approach, where the calculations
of the density ﬁelds could be performed on a grid. This approach
has been successfully applied to block copolymer systems and
homopolymers.68,69 More recently, a hybrid scheme for MD
compatible with both atomistic force ﬁelds and/or speciﬁc
CG models (Hybrid Particle Field MD, hPF-MD hereafter) was
introduced and extensively validated for diﬀerent molecular
models,70−72 including molecular surfactants, atomistic models
of polymers, and biomembranes.73−76
hPF-MD Theory. The many-body problem associated with
determination of the state of a molecular system is regarded as a
problem of derivation of the partition function of a single
independent molecule in an external potential V(r). Such a
potential takes accounts of the eﬀective action of all other
particles present in the system to the particle of interest.
The functional form of the density-dependent total energy W
needs to be assumed, and a common form is the one reported
below
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where ϕk(r) is the number density of the kth species (or atom
type) present in the system at position r and χkk′ are the mean
ﬁeld parameters for the interaction of a particle of type k with
the density ﬁeld generated by particles of type k′. Thus, any
given particle interacts with the surrounding through a density
ﬁeld, rather than through direct pairwise interactions. It can
be shown, in the framework of SCF theory, that the external
Figure 2. Examples of modeling of membrane curvature types. Diﬀerent features can appear at diﬀerent length scales. (left) Buckled membrane;
(center) lipid vesicle or tubule; (right) membrane tubule formation by force pulling. Lipid polar heads are in gray, and hydrophobic tails are in yellow,
red, or blue, depending on their chemical properties. Systems in the ﬁgure were taken from refs 53 and 55.
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potential representing the eﬀect of surrounding particles is
given by
∑ ∑δδϕ β χ ϕ κ ϕ ϕ= = + −′ ′ ′
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The derivation of a functional form for the eﬀective potential
acting on each particle allows determination of the forces and
thus for the integration of the equations of motion following
standardMD algorithms. More details about the implementation
of this approach, and a complete derivation of eq 6, is reported
elsewhere.9
Hybrid Particle Field MD Studies on Lipid−Water Mixtures. So
far, hPF-MD studies on lipid−water mixtures have addressed
relatively simple two- or three-component systems. Pertinent to
this discussion, these initial studies addressed the capability
of hPF-MD models to reproduce both the density proﬁles of
diﬀerent bilayers formed by lipids of biological interest and the
lamellar versus nonlamellar phasesa crucial test for lipid
models that aim at investigating membrane morphology.9
In particular, Milano and co-workers showed how hPF-MD
predicts diﬀerent aggregation states at increasing concentrations
of dipalmitoylphosphatidylcholine (DPPC) in water. For example,
their simulations yielded reverse micellar hexagonal, ﬂat bilayer,
single bicelle, and micellar phases.74
In the past months, Milano and co-workers introduced
hydrodynamic correlation into the hPF-MD equations.77 This
innovation brings hPF-MD simulations beyond the mean-ﬁeld
limit and in perspective will improve the applicability of the
method to study phenomena that do not occur strictly under
diﬀusive limit conditions.77 Of importance here, authors pre-
sented hPF-MD data of a fully solvated lipid vesicle composed of
4055 DPPC molecules, simulated on a single processor on a
microsecond time scale (Figure 3A).
hPF-MD calculations are not restricted to single-processor
tasks. In fact, they can very easily and very eﬃciently paral-
lelize, showing scalability performances well beyond those of
traditionalMD.72,9 A very recent study byMilano and co-workers
provides an excellent example of the eﬃciency of parallel
hPF-MD simulations to describe membrane morphology changes
(Pizzirusso et al. Biomembrane solubilization mechanism by
Triton X-100: A computational study of the three stage model,
submitted, unpublished result). This work investigated deforma-
tions of the DPPC bilayer structure due to interference
with Triton X-100 (polyethylene glycol) detergent. hPF-MD
simulations could provide a very detailed description of the
diﬀerent perturbations to the bilayer organization occurring at
diﬀerent concentrations of Triton X-100, from local distortions
of the shape of the lipid aggregates to complete membrane
solubilization (Figure 3B). This study also investigated the
diﬀerences in the solubilization mechanism occurring in ﬂat
bilayers or in highly curved vesicles.
Thanks to the computationally eﬃcient methodology, authors
could test 30 diﬀerent initial conditions, including the relative
concentration of the surfactant, its initial localization in the
system, and the radius of curvature of the vesicle. The study could
show how the ﬂipping times of the surfactant are correlated to the
radius of curvature of the membrane bilayers. Moreover, it could
be possible to capture how the entropy-driven preference of
positive curvature by Triton induces budding deformations in ﬂat
bilayers, promoting detachment of smaller vesicle, which rapidly
evolve into completely solubilized mi/bicelles.
Despite quite extensive exploration over a large number of
diﬀerent starting conditions, the computational costs for the
study have been relatively low. In fact, the work could be
conducted on a small-sized parallel architecture using the
hPF-MD implementation in the OCCAM code. Details con-
cerning the OCCAM code used to perform the hPF-MD
simulations are reported in refs 9 and 72.
Final Remarks and Perspective. In a 2006 article in Physics
Today, Phillips and Quake showed how the nanoscale is a
peculiar dimensionality at which very diﬀerent types of energies
(chemical, mechanical, or electrostatic) appear all to be of the
same order of magnitude as the thermal one.78 As a consequence,
all phenomena that are driven by interactions occurring at that
scale are determined by the very subtle balancing among all
contributions to the enthalpy and by the action of the entropy.
In other words, the mesoscopic behavior of molecular systems
may be not only quantitatively but also qualitatively aﬀected by
apparently minor changes in the chemistry of each individual
molecular component, as well as in the thermodynamic con-
ditions applied.
From a computational perspective, it would be thus expected
that all of these ingredients were properly included and treated
in the models of choice. Speciﬁcally to membranes, an ideal
modeling approach would be able to handle mesoscopic
dimensionalities (for example, simulation boxes of ∼102−3 nm
order length) for suﬃciently long simulation times (at least
∼10−6−10−3 s), to distinguish the chemical variability of the
components, and to include entropic eﬀects also due to the
solvent.
Atomic or quasi-atomic resolution models with explicit solvation
are the only ones that guarantee a correct, or anyway suﬃciently
Figure 3. Examples of hPF-MD studies on curved membrane systems.
(A) Lipid vesicle composed of 4055 DPPC molecules (depicted in
yellow and gray) interacting with 1745 molecules of TX-100 (green and
orange). The bottom panel shows a cross section of the vesicle.
The water particles in the inner pocket are shown as blue beads.
(B) Structural distortion and initial solubilization of a ﬂat bilayer upon
interaction with an excess of TX-100.
The mesoscopic behavior of mo-
lecular systems may be qualita-
tively aﬀected by apparently
minor changes in the chemistry
of each individual molecular
component.
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accurate, description of the chemistry, as well as of the entropy
contributions. Nonetheless, as previously discussed, they are
aﬀected by intrinsically high computational costs that prevent
their systematic use on a mesoscopic scale. Therefore, multiscale
modeling strategies combining molecular-level and simpliﬁed
resolutions appear as a more promising route toward accurate
simulations of very large and chemically complex systems.
From the experimental point of view, the advances in time-
resolved spectroscopy and the development of more powerful
radiation sources allow for more and more accurate structural
and dynamical data on the evolution of lipid bilayers under
external chemical or mechanical stimuli (i.e., see ref 79). It is
easily foreseen that such experimental studies on model bilayers
are going to produce accurate biological data on in vivo
membranes in the near future. In fact, an exciting ﬁrst structural
image of a biomembrane obtained by H/D labeling and neutron
scattering has just been published.80
Future computational studies on remodeling of biological
membranes will necessarily need to take into account the role of
both peripheral and integral proteins embedded into the system.
Any accurate description of membrane/protein interactions will
thus require adequate treatment of the electrostatic interactions
between the diﬀerent lipids and the polypeptide chains, which,
apart from the strongly polar nature of their backbone, may be
often characterized by electrolytic side-chains.
Among the various multiscaling techniques available today, we
evidenced here how hPF-MD is emerging as a methodology that
may play a crucial role in the study of membrane dynamics in the
near future. Very important recent developments both from
the methodological and implementation points of view are
worth mentioning. These consist of (i) derivation of a pressure
coupling algorithm,71 (ii) explicit treatment of electrostatic
interactions within particle/ﬁeld,81 and (iii) the previously
mentioned inclusion of hydrodynamics to treat correlated
motion of particles.77 Moreover, we welcome the appearance
of new hybrid particle/ﬁeld software implementations for both
CPU-72 and GPU-based82 architectures as key steps toward the
popularization of such an approach in the modeling community.
So far, studies from the literature showed how hPF-MD can
eﬃciently address systems composed of several thousands of
lipids to observe complex dynamical processes, requiring access
to commodity cluster facilities (tens to a few hundreds of CPUs)
or even by running on serial tasks. hPF-MD parameters for the
most common phospholipids and triglycerides are already
available in the literature. Likely, the hPF-MD models for other
important components of biomembranes will appear in the near
future. Incorporation into the hPF-MD formalism of CGmodels
of proteins with accurate electrostatics, for example, like those
developed in the past by some of us,83−85 will constitute the
next crucial step toward an accurate computational description of
morphological changes of biomembranes at chemical resolution.
hPF-MD studies have so far explored systems with a relatively
easy composition; therefore, its reliability in treating complex
mixtures still requires some strict assessment. Anyway, it appears
that exploration of the complex behavior of realistic models of
biological lipid mixtures using such methodology is at hand.
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